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How do Insiders Trade in the Options Market?

Abstract

We characterizéowinformed investors trade in the options market ahead ofaratp news when they re-
ceive private, but noisy, information about (i) the timingtiee announcement and (ii) its impact on stock
prices. Our theoretical framework generates a rich setadiptions about the insiders’ behavior and their
maximum expected returns. Thredfdrent analysesfier empirical support for our approach. First, pre-
dicted trades resemble illegal insider trades documemte®EIC litigation cases with insiders being more
likely to trade in options thatfter higher expected returns. Second, pre-announcemestmsath unusual
activity in the options market ahead of significant corpenagws are consistent with the predictions of our
framework. We employ our approach to characterize infortnading ahead of twelve fierent types of
news including the announcement of earnings, corporatagae, M&As, product innovations, manage-
ment changes, and analyst recommendations. Third, to ssldmncerns that pre-announcement patterns
are driven by speculation, we show that measures captuianing activity in call (put) options with high
expected returngredict significant positive (negative) corporate news in the aggjies cross-section.
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1. Introduction

According to Preet Bharara, the U.S. Attorney for the Sautt@strict of New York, insider trading is
“rampant.t Accordingly, the SEC has made it a key priority to prosecliégal insider trading, and has
increased the number of enforcement actions in recent.yeaigen the importance of illegal insider trading
for regulators and policy makers, recent studies have &mtus identifying the prevalence of informed
trading in the stock and option markets ahead of corporats peents, whether these are anticipated in terms
of their timing, as in the case of earnings announcementsnanticipated, as for mergers and acquisitions
(M&A). While previous work has successfully identified thristenceof informed trading ahead of future
news releases, the literature has not been informativet aheyarticular strategies an informed investor
would implement to maximize her benefits from private infation. The optimal strategy depends, of
course, on the private signal she receives, i.e., the gualihe tip and the type of future announcement.

Our objective is to understand how the nature of the privaftaination d@fects the choice of strategy of
informed investors for a range of potential announceméltisre is significant heterogeneity in the informa-
tion informed investors receive about (i) the timing of agamate announcement, and (ii) its impact on stock
prices, and this heterogeneitffects their choice of trading strategy. Thus, any study thetiges on only
any one specific type of corporate event, albeit in detallmged in its predictive power for understanding
how differencesacrossevent types fiect informed trading. Our study is much broader in scopeesine
study how informed investors choose the parameters of tipgiion trading strategy ahead of corporate an-
nouncements, when they receive private but noisy signalstabe characteristics of these events. From an
academic perspective, it is interesting to better undedsteow informed investors tradeftirentially as a
function of the characteristics of corporate announcemelRtom a practical perspective, such an exercise
can serve as a guide to prosecutors and improve the deteftibegal insider trading. The analysis of such

strategies can greatly narrow the scope of investigatibissmler activity and, hence, improve the chances

Frontline, “Preet Bharara: Insider Trading Is “Rampant” Wall Street ” January 7, 2014.
httpy/www.sec.goyspotlightinsidertradingcases.shtml
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of detection, in the face of limited prosecutorial resosrce

We focus on informed trading ioptionsfor a variety of reasons, although we also look at the undegly
market, where appropriate. First, a growing theoretical ampirical literature in finance and economics
has pointed towards options markets as a profitable avenusfdomed trading, and serves as a benchmark
for any new analysis. Second, trading in options rather #tacks can be substantially more profitable for
informed investors, given the leveraged exposures demvaecurities allow traders to establish. Third, the
options market fiers traders a rich menu of instruments enabling them to d@mitheir trading strategies
by choosing the option strategy, maturity, and moneynesgen3he large number of investable strategies,
it is not clear, ex-ante, how an informed investor would ceto trade in the options market, and when she
would implement her trade. In this study, we analyze whatetyy an informed investor would choose to
implement, conditional on trading in the options market.

To frame our thoughts, let us consider the following two eghles based on instances of illegal trading
prosecuted by the Securities and Exchange Commission (S first case, one day prior to the unex-
pected takeover announcement of H.J. Heinz by Berkshiredwaty and 3G Capital on February 14, 2013,
two rogue traders purchased 2,533 call options at a strike jpf $65 and expiring in June 2013. At the
time, the stock price was trading at $60.48, and tfiergrice on the announcement day was $72.50. Thus,
while at the time of the purchase, the option was out-of-tlemey (OTM) with a ratio of the stock price
to the strike price of 93%, it moved into the money followirng tannouncement, and ended up generating
illegal profits of approximately $1.8 million. In anotherstance, a rogue trader purchased 200 April call
options at a strike of $20 on April 17, 2006, two days befor@sitjve earnings announcement by Polycom,
generating an ill-gotten profit of $22,000. Why did the Helraders purchase call options expiring in June
at a strike of $65, and why did the Polycom trader purchadeoptibns expiring in April at a strike of $20?

How was their choice of trading strategy influenced by thetgpfuture news, i.e., earnings vs. takeover

3John et al. (2003) examine how margin constraints influendewvestor to trade in the options versus the stock market.
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announcement, and by the quality of the tip? These are thgtigne we attempt to answer in this paper.

We first propose a theoretical framework for identifyingiopttrading strategies, i.e., option type, strike
price, and maturity, which maximize expected returns, tidtamsaction costs in illiquid markets for in-
formed investors with private but noisy information. Wewasg that the private information consists of
two signals, information about trexpected timingf an announcement, and information aboutékpected
announcement returon the underlying stock in reaction to nefvdn addition to its expected value, we
also consider therecisionof each of the two signals, characterized by the uncertaimtize timing of the
future announcement and the uncertainty of the future spoie reaction. For example, while earnings
announcements are scheduled events, M&A announcemerntigparaly unexpected, and their precise tim-
ing is unknown, even to many insiders. Similarly, while tauncement return on the stock of target
companies of takeover announcements is, on average, giteatethat on the stock of companies following
surprises in earnings announcements, both events are dniayla heterogeneity in the distribution of stock
returns, after the news become public.

One important feature of our theoretical framework is thactounts for two important frictions preva-
lent in the options market. First, most options trade wignificant bid- ask spreadd heir minimum bid-ask
spread is defined in dollar terms implying substantiallyagge percentage bid ask spreads for options that are
further away from the money given their lower prices. Se¢ondst options do not trade belown@nimum
price of ten cents. Both these frictions can make trading OTM arepdrut-of-the money (DOTM) options
prohibitively expensive (in terms of their implied volét) and, therefore, severely limit the leverage in-
vestors can attain in the options markeh addition, run-ups in implied volatilities ahead of schks news

can substantially increase the cost of setting up a tradiagegy. Using numerical analysis, we illustrate

“It is possible to extend our analysis to account for privaterwisy signals about changes in the volatility of the utyiieg
stock price distribution. This dimension is relevant in firesence of volatility trades on M&A acquiring companies saggested
by Augustin et al. (2014). In this paper, we focus on a two disi@nal signal for tractability.

SMultiple studies document that OTM options are overpriceddtive to standard pricing models. Boyer and Vorkink (2014
report that intermediaries expect substantial premia wheting OTM options. Goyenko et al. (2014) show that the hgk
spreads of OTM options are inflated by information asymmainy demand pressures arising ahead of earnings annourtsemen
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that these ects reduce the maximum expected returns to informed adim unrealistically high levels
of multiple millions of percent to levels similar to what isported in SEC litigation cases of insider trad-
ing. Furthermore, these frictions heavilffect the set of parameters that maximize the returns to irddrm
trading.

Amongst others, our framework generates the following igteohs about the trading strategies of in-
formed investors. First, market frictions including minim prices and bid-ask spreads can heavifea
the trading behaviour of informed investors. Given markitibns, they trade options that are near the
money and avoid OTM and DOTM options, as these become pieilyi expensive in terms of their im-
plied volatility. The role of frictions is more limited forgions with a higher Black and Scholes (1973)
and Merton (1973) (BSM) value, including longer term optiaand options with higher implied volatility
(whether permanently, or due to a temporary run-up in indpliglatility ahead of a scheduled event). Syn-
thetic call options enable investors to substantially ocedthe &ects of market frictions and increase the
leverage on a private signal. However, establishing a s¥icticall requires borrowing at (or close to) the
risk free rate and is, therefore, restricted to sophistatvestors.

Second, changes in the uncertainty about the announceetant have a limitedféect on the behavior
of insiders. In contrast, the expected value of the annoueoéreturn is a primary determinant of expected
returns to insider trading. In most instances, insiders twétle further OTM when anticipating announce-
ment returns of a higher magnitude. However, this shift tdvidfading is limited by market frictions, as
previously stated.

Third, the precision of the timing signal doeext the behaviour of informed investors. All else equal,
higher event date uncertainty implies informed investoitstrade in longer maturity options to avoid pur-
chasing options that expire worthless. This implies higtasts of setting up any strategy with a positive
theta. In fact, informed investors with a very precise tigngignal can trade very briefly ahead of the event.
Without a run-up in implied volatility — that is, if the everst not anticipated — they can achieve very high
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leverage by trading options with a short time to maturityr $cheduled events, implied volatilities and bid
ask spreads will increase ahead of an event, due to uninfbepeculation. This can substantially reduce
attainable returns.

To validate our approach empirically, we first compare thenadive model solutions from our frame-
work to the characteristics of illegal trades implementgddgue traders, as identified in a comprehensive
sample of litigation records of civil and criminal prosdout, which we hand collect from the web sites of
the SEC and the U.S. Department of Justice (DoJ). We find thatputed trades closely resemble informed
trading predicted by our theoretical framework. This diagjitc dfers empirical support for our approach.

More specifically, consistent with the predictions, theentainty about the timing of M&A announce-
ments is reflected in a higher time to maturity of options échthy SEC-detected insiders ahead of M&A
announcements, compared to the maturities of option tiag@emented ahead of earnings announcements.
Furthermore, the moneyness of the traded options in the SEQIe decreases in the magnitude of the
expected announcement returns. Ahead of M&A announcemimsiders establish bullish directional ex-
posures by purchasing OTM call options with a median spatii&e price ratio of 93.9%. In contrast, both
bearish and bullish trades implemented due to private nmébion about negative and positive earnings an-
nouncements are made using ITM put and call options, respict The median spot-to-strike price ratio
equals 96.3% for put and 104.2% for call options.

We further validate our approach by testing whether on dagsillegal insider trading in a specific firm,
insiders are more likely to trade in options that have highgected returns according to our framework. We
do so by estimating logistic regressions of a dummy variaideating illegal insider trading in a specific
option contract on expected returns. We compute the latmrding to our framework as a function of the
insider’s private signal. For each day on which an option tra@sed by an insider, our sample includes all
options written on the same stock that traded on this daydddexpected returns are significant predictors
of insider trading. Overall, these results indicate thatfrmmework can provide guidance to regulators and

5



researchers trying to identify illicit trading activity the options market.

The sample of SEC litigations allow us to directly obsenettiading activity of insiders and benchmark
it against the predictions of our framework. However, thevusly described results can be due to a
selection bias if prosecutors naturally focus on tradiniyég matching the predictions of our framework.
In the second part of our study, we, therefore, employ ounémork in a broader context to compute
expected returns to informed trading ahead of firm-specdigsand document unusual trading in options
with high expected returns.

More specifically, we identify suspicious activity in optionarkets prior to 30,975 “significant corporate
news” (SCNs) identified between 2000 and 2014. We define SGNisma-specific news stories that can
be linked to extreme price movements (EPMs). To constructsample, we rely on the comprehensive
RavenPack news database that reports news stories witkemilhd timestamps. Our list of SCNs includes
news from twelve dferent categories which feature a substantial amount ofdgsaeity with respect to
their announcement characteristics.

To the best of our knowledge, virtually all other studiesmioimed or insider trading in options focus on
oneindividual type of event, such as M&A transactions, corpeivestitures, or earnings announceménts.
Using a large and heterogeneous sample of SCNs insteadveaalsalvantages. First of all, it allows us to
better understand how informed investors trade in reldtidhe type and quality of their private information.
This cross-sectional heterogeneity in trading provideshmicher information to regulators compared to a
simple identification of unusual activity. Second, usingaagé sample of economically important events
increases the power of tests for detecting informed tradutyyity. Finally, given that we can observe the
exact timing of both the news and the price reaction, we alat@ uncertainty about the announcement time.

Doing so eliminates any potential upward-bias in measufasigpicious trading activity due to event date

6A notable exception is the article by Cremers et al. (201%)p study how the dierence between scheduled and unscheduled
news dects an informed investor’s trading behaviour.



uncertainty’

Our empirical results are as follows. First, we documentsualitrading activity ahead of news using
two naive measures for the trading direction. Tiging measuraused to test this hypothesis is the natural
logarithm of the ratio of the implied volatility of OTM callpiions divided by that of OTM put options.
The volume measures the relative call volume, which we define as the dollar wdutraded in all call
options written on a stock on a given day divided by the sunmefdall and put volume. Indeed, we observe
significant diferences in the time series of these measures ahead of pagitsus negative news events.

In a second step, we verify whether the naive measures datidinal option trading are in line with the
our theoretical framework. We find that unusual tradingvétgtipicks up briefly ahead of scheduled events
with no timing uncertainty, but increases several weeksadhad events with timing uncertainty. These
results are also in line with our theoretical framework, eflsuggests that informed investors maximize their
expected returns when they trade shortly before an annmertewvhen the uncertainty about the timing of
the event is low. Vice versa, if the timing of the event is lesgain, investors have higher expected returns
if they start to trade earlier.

Finally, we address concerns that the previously descrladigrns are due to speculation in the options
market. For instance, if investors are aware that a takeailetake place in the North American solar
industry, they can use options to bet on price increased poténtial targets. Even though it is unlikely to
observe such directional speculation for a large sampleda#ianal analysis to address this concern. For
this analysis, we directly employ our theoretical frameimr construct new measures capturing suspicious
trading activity. For each call (put) option-day, we conglypothetical expected returns for 80% (-10%)
price jump. For each firm-day, we then compute the ratio ofvillame of call (put) options with a high
expected return to the total call (put) volume, which we lalselume ratio”. Additionally, we calculate

the “IV ratio” as the implied volatility of high expected tah options divided by that of options with a low

7If information becomes public before the announcement digderted in a news database, increased trading activity frithe
reported announcement date can appear abnormal, althicsigtply reflects the reaction to the new information.
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expected return. Using a multinomial logistic regressiwa,show that the put option volume ratio predicts
negative corporate news, while the call option 1V ratio jxedpositive corporate news. Using this approach,
we can predict positive and negative news in the short texr (e next three trading days) and even over
the next ten trading days. These results cannot be explainagotential sample selection bias and indicate
that our theoretical framework enables us to identify infed trading activity in the options market.

The remainder of the paper is organized as follows. Sectremi2ws the relevant literature and discusses
our main contributions. Section 3 presents a novel framkeviaridentifying option trades that maximize
expected returns to informed traders with private but neigpals, and compares the predicted solutions to
prosecuted cases of illegal insider trading. Section 4ridescthe construction of our sample of news events.
Section 5 documents suspicious trading activity aheadesfdlevents and demonstrates that our framework

can be used to predict corporate announcements. We corinl&detion 6.

2. Literature Review and our Contribution

There is a growing body of research examining the nature aisteace of insider trading, for which
Bhattacharya (2014) provides a recent review. Early studlie(illegal) insider trading either have access to
special proprietary data, or examine case studies of ragding. Using a sample of illegal insider trades
prosecuted by the SEC from 1980 to 1989, Meulbroek (1992%fthdt days of insider trading coincide
with abnormal returns of 3%, and are responsible for theepmim ups prior to public news announcements.
Cornell and Sirri (1992) use court records on illegal traalesad of the 1982 takeover of Campbell Taggart
by Anheuser-Busch to show that insider trading had a clepaahon stock prices and positivelyffected
liquidity, while Fishe and Robe (2004) find that illegal tiragl negatively impacts market depth, based on
the trades by brokers, who obtained advance access to iatiomon 116 stocks released in a newspaper
column.

More recent work has relied on publicly available litigatipecords on insider trading prosecutions to
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describe the characteristics of illegal options tradegy(#stin et al., 2014), insider trading networks (Ahern,
2015), or the aggressiveness of prosecution (Guercio,2@5). Other work uses the holdings positions
of institutional investors to point towards exploitatiohpsivate information by investment banks, ahead of
mergers and acquisitions (Bodnaruk et al., 2009; Dai e2@l.1), or to contradict such abuses (Gmiet al.,
2012). Cohen et al. (2010) suggest that private informdtoms between investors with former school ties.
Moreover, some studies relate findings of volumes and retilvat are correlated with future price jumps to
illegal trading behavior in the stock market (Keown and Bimdn, 1981; Agrawal and Nasser, 2012), in the
credit derivative market (Acharya and Johnson, 2007), arible options market ahead of th& 9 terrorist
attack (Poteshman, 2006) or M&A announcements (Augustah €2014).

More generally, our work also relates to the large literatm informed trading in options markets ahead
of major news announcements, such as analyst recommemsléitiadan et al., 2014), macroeconomic news
(Bernile et al., 2015), the announcement of earnings (Gayenal., 2014), M&As (Cao et al., 2005; Chan
et al., 2015; Kedia and Zhou, 2014; Augustin et al., 2014)-sffs (Augustin et al., 2015), leveraged buy-
outs (Acharya and Johnson, 2010), and the announcementimieyec trades by activist investors (Collin-
Dufresne et al., 2015).

There are several important distinctions between the pueviterature and our work in this paper. While
there is a large theoretical literature that examimbstherandwheninformed investors trade in the options
markets, there is little attempt to understamalv informed investors trade in the options markeThus,
this literature implicitly assumes an underlying frictithrat gives the investor an incentive to migrate to the
options market, but the question remains as to the strile pmd maturity of the option chosen. First, we
focus on the type of strategy, i.e., puts, calls, or a conilninaf both, as well as the moneyness, i.e., the

strike price, and time to expiration, that the informed dg#mooses. While previous work has successfully

8More specifically, prior research examines whether and vitifenmed investors trade in the options markets in the presef
asymmetric information (Easley et al., 1998)ffeiences in opinion (Cao and Ou-Yang, 2009), short-saleti@nts (Johnson and
So, 2012), or margin requirements and wealth constraints(ét al., 2003).
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identified theexistenceof informed trading ahead of future news releases, theatitee has not documented
any details about the strategy an informed investor woulgdlément to maximize her benefits from private
information.

Second, we examine multiple events jointly, rather tham$ow on a specific type of event individually.
This is useful for several reasons. Heterogeneity in eMeatacteristics influences the optimal trading deci-
sion. Thus, any study that does not take account these segsignal diferences would be unable to explain
how informed investors tradeftirentially as a function of the characteristics of corpw@inouncements.
This is highly relevant, though, especially for litigategagaged in a forensic analytics of rogue trading.
Third, increasing the number of events further improvespgbwer of the statistical tests, which we can,

therefore, conduct at a more granular level.

3. Trading Strategies of Informed Investors

For an equal dollar investment, an informed investor olstairore “bang for the buck” in the options
market compared to the stock market. This is because degsatllow for more leveraged exposures than
the underlying cash market. To give an illustrative examplew days ahead of a negative earnings surprise
announced by Walgreen’s on October 1, 2007, Thomas Flanag@mmer vice president at Deloitte and
Touche LLP with material private information on multipléerit firms, and his son, bought 485 put options
on the stock at strike prices of $45 and $47.5, expiring inro®et 2007, for a total cost of $46,619. When
the firm announced its first earnings decrease (relativestptior quarter) in almost a decade, its shares fell
by 15% and the insiders sold their options, realizing a paif$8268,107, or 575% of their investment. In
2010, the SEC charged the Flanagans with insider tradinguitiphe occasions that resulted in total illicit
profits of $487,000. The suspects settled for a disgorgewnfalitgotten profits and a civil penalty of more
than $1.1 million.

The previous example begs the question of why the insidersecthe $45 and $47.5 strike options with
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a short time to expiration. As we formally show in this segtithe benefits from illegal insider trading vary

substantially across the wide spectrum of insider tradirajegies, in terms of both strike price and maturity.
Our objective is to improve the identification of illegal ider trading by better understanding the trading
strategies that maximize expected returns to investots maisy private signals about the timing and stock
price reaction of future news announcements. To achies®tjective, we first propose a general framework
for calculating the expected returns to informed trading &sction of the type, quality, and strength of the
private signal received by the informed trader. We then ammpur predictions with actual insider trading

cases documented in a sample of civil enforcement actiotstad by the SEC.

3.1. A Theory of Informed Trading

The objective of our study is to understand how informed stmes choose to trade in option markets
given the strength and quality of their private signal. Tosdg we assume that the informed agent is risk
neutral; hence, the choice of option contract(s) traded drydepends only on its expected return net of
transaction costs, given that she is capital constrainesicaléulate the expected return to buying an option

today (attp) and to selling it after a news-induced jump {at tg + At) as

E[Poiq, t,]

E[R] =
[ ] Paskto

1 (1)

where Pyiq, t,] denotes the bid price at which the investor expects to Bellbption and P, 1,] is today’s

option ask price as observed in the market. Analogously, ameptite expected returns of trading strategies
involving multiple securities by summing up the expectatidnnd observed ask prices of all securities in the
numerator and denominator, respectively. We do not acdoumhargin requirements as they are zero for

long options positions, which we consider in this study.He BSM framework without dividend payments,
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the expected return to option trading around a news evemtas gy

E[0(See To- ALK o], _E[64]

E[R] =
R 6(So, To, K, oo, 1) 6o

1 )

whereé(-) denotes the BSM value of a European call or put option as&itumof the underlying stock price
So, the option’s strike pric&, the option’s time to maturityi g, and the risk-free rate Following Cremers
et al. (2015), we incorporate the run-up in implied volgtikhhead of scheduled events based on Dubinsky
and Johannes (2006) by defining = /02 + (TT—(‘Z) For unscheduled evenisg = 0. o is the usual implied
volatility excluding run-up andr; the volatility of the jump anticipated by (uninformed) irsters ahead of
a scheduled evefit.Throughout this paper, we follow Cremers et al. (2015) andr-stheduled events —
assume a jump size volatility of; = 0.1.

We next account for market frictions by introducing bid-agkeadsr and a minimum option pricBmin
to be consistent with a realistic trading setting. We carritewthe previous expression as

E [max(61 — 0.5¢1, Pmin)]
max (6o + 0.5a0, Pmin)

E[R] = 1 3)

Finally, we take into account the perspective of an inforrmeestor who receives two private signals
about future news. The firstis information abouttihging of the news event. As we assume that she unwinds
her position instantly after the news-induced jump, theation for the timing of the jump corresponds to
that for the time between the opening and the closing of thi®mposition,At. The second signal relates
to information about thenagnitudeof the jump induced by the news, Both of these signals may be noisy.

Denoting their joint probability density function ly(x, At), the expected return to the option strategy is the

°Informed trading due to changesdnare easy to incorporate using a simple extension of our frame This would distract
us, however, from the focus of our study, while having only @rgmal impact on predicted trading behavior, if any. Rissnbt
reported in this article reveal that while trading on chanigethe implied volatility does notfer high expected returns to insiders,
it can still be rational to trade in vega strategies, e.gagstles, if their signal is very noisy. These results aréavie upon request.
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probability-weighted average

k, At) max(81(k, At) — 0.5a1, Pmin) d« dAt
E[R] _ foAt ¢( ) ( 1( ) 1 mln) 1 (4)
max(6dg + 0.5a0, Pmin)

We account for illiquidity in the option market by using thaléwing rule: Whenever the BSM option
value adjusted for half the bid-ask spread is below the minirprice, as can be expected for DOTM options,
the market price equals the minimum price. Beyond markeidity, bid-ask spreads and minimum prices
are driven by the minimum tick size dictated by the Chicagari8dOptions Exchange (CBOE). Since the
year 2000, the minimum tick size for most options equals fivets if traded below three dollars, and ten
cents otherwise. Exceptions were introduced in the CBOg®®@mental Penny Pilot Program, the first
phase of which commenced on January 26, 2007. As part oftthgtam, the minimum tick of heavily traded
options was decreased to one and five cents for options frileds or above three dollars, respectively.

We have established a simple expression for expected satminformed trading under market frictions.
Under the simplifying assumption that informed investdterapt to maximize their expected returns, we
can use this expression to identify the strike price, mgtuaind type of the option contract(s) they choose to
trade in. Before examining the expected returns for altemanption strategies and varying private signals,
we illustrate the implications of market frictions and reis the private signai®

The two market frictionsthat we account for are minimum option prices and bid-asleaqs, both
of which reflect the limited liquidity in the options markeEigure 1 shows theffect of market frictions
on expected returns. Each graph plots the expected retringormed trading in call options computed
using Equation 4. For the purpose of illustration, we comsalsignal that suggests a future price jump of
k=20% in A;=3 days, without any uncertainty about the magnitude of thepjwr about the timing of the
news announcement, i.ex,=0, o2:=0. FurthermoreSy=10,r=0.03, andr=0.4. The upper two graphs in

Figure 1 are based on the assumption that there are no mackietis. The bid-ask spread and the minimum

1°The insider’s problem presented in this paper cannot besdainalytically. All of our results are based on numericéltsons.
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price are equal to zero. Under these assumptions, the BSM wflan OTM option close to expiration is a
small fraction of a cent. Buying an OTM option at such a lowceriand selling it once it is ITM after the
news-induced jump, yields a return of more than 1.8 milliencent! The introduction of minimum prices
highlights that it impossible to generate such unreabfifichigh returns in a more realistic market setting
that takes into account such frictions. The lines in the twwedr graphs that are labelled “market frictions”
assume a bid-ask spreadof $0.05 and a minimum price of $0.10, all other parametemsairing equal.
The lines labelled “scheduled” assume a Dubinsky and Jasaf2006) run-up in implied volatility ahead of
the event. Even without this run-up, market frictions resloaximum expected returns to less than 2,000%,
clearly, a more realistic value.

The illustrative example underscores the importance afatting for non-zero minimum prices, bid-ask
spreads, and potential run-ups in implied volatility, asstiarestrict the leverage an informed investor can re-
alistically obtain in option markets. Thus, our simple fework generates a tradéféaced by the informed
investor so that DOTM options are not those enabling retuarimization. We now turn to discuss the real-
istic magnitudes of these two market frictions. Panel A gfuf¢ 2 plots the evolution of the average (dotted
line) and median (dashed line) bid-ask spreads of equitmptreported in the OptionMetrics database.
Averages and medians are computed over all contract-dayisavtrading volume of at least 100 contracts
and non-negative bid-ask spreads. Circles mark call optiorosses mark put options. Median (average)
spreads reduced substantially over time, from 25% (23-24%9%96 to 5% (10-11%) in 2010, with a spike
in 2008.

An option’s minimum dfer price is given by its minimum tick size. While this implidsat DOTM
options may be traded at five cents — or since 2007 even at ohd teey part of the Penny Pilot Program —
the minimum dfer prices reported in the OptionMetrics database are higih¢ne vast majority of options.

Panel B displays the evolution of the minimum (dotted line)l #he first percentile (dashed line) of option

For instance, in our sample of actual insider trading casesmented by the SEC, insider trading around M&A announcésne
produces average returns of 1,297%, as shown in Table 1.
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prices below three dollars. Minima and percentiles are agatpover all contract-days with a trading volume
of at least 100 options. Until 2007, the time series of obs@mninima reflects the described minimum
CBOE tick size. The increase in the minimum price in the ye&#88 to 2010 can be ascribed to the
exceptional period of the financial crisis. Most of the tirhewever, as illustrated by the first percentile
of option prices below three dollars, empirically observeisiimum prices are equal to or above 10 cents.
Thus, the regulatory minimum prices do not seem to be a bgndamstraint. The fact that DOTM options

are rarely €fered at the possible minimum price of 5 cents even if theiir*fa.e. BSM) value is lower
than that, may be explained by risk aversion, informed trgdadverse selection, or other factors such as
inventory costs and illiquidity. Writing DOTM optionsflers little return, but a potentially tremendous
downside to traders. Even for risk-neutral market makéescost of trading with an informed counterparty
may prevent investors fromfiering DOTM options at the minimum regulatory prices. Indeasl shown

by Goyenko et al. (2014) using intraday transactions datptd-ask spreads of OTM options are driven
by information asymmetry and demand pressures increasiegdaof earnings announcements. Boyer and
Vorkink (2014) report that intermediaries expect subsghpremia when writing OTM options and suggest
that they “compensate intermediaries for bearing unhdagea#&sk when accommodating investor demand
for lottery-like options.*?

Minimum prices render the trading of DOTM options expensidich is also reflected in the high
implied volatilities of most DOTM options and, perhaps, tbe trading volume in even OTM options.
While it might be intuitive that informed traders, who expacsignificant jump in stock prices, are befit o
purchasing DOTM or at least OTM options, we formally showt itieese do not alwaysfker the highest

expectedeturn to informed investors. This is in particular truelitinvestor faces uncertainty about the

magnitude of the future price jump and uncertainty aboutithing of the jump. In other words, the choice

12This argument relates to prior work on the inelasticity of thption supply curve, along the lines analyzed theordyidsl
Garleanu et al. (2009) and empirically by Bollen and Wha04) and Deuskar et al. (2011). For an earlier overview séaech
on empirical option pricing, see Bates (2003).
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of option strategy depends on the noise associated withrivegg signal. We rationalize why in most cases
it is optimal to trade in options that are only slightly OTMhé&se findings appear realistic as such patterns
are consistent with observed illegal insider trades, ssc¢heapreviously highlighted trade by the Flanagans,
who purchased put options with a strike price of USD 47.5, mtine underlying was trading between 47
and 48 USD.

Though important, theffect of uncertainty onoisein private information, i.e., uncertainty abouaind
At, on expected returns is less significant than that of marlaioins. The graphs in Figure 3 plot expected
returns to informed trading in call options computed usirgu&ion 4. We use the previous example to
illustrate the impact of uncertainty about the jump size iming of the announcement. Thus, we use
an expected news-induced jump«ef20% in A;=30 days. Bid-ask spreads equal $0.05 and the minimum
price is $0.10. Furthermor&o=10, r=0.03, ando=0.4. The left (right) graph plots expected returns as
a function of the time to maturity (strike price) of the optio On each side, the strike price (maturity)
is chosen such that the graph shows the global maximum ofxbected return function. This explains
why the maxima of each function in the left and the right grapb identical. In each graph, the four
lines represent éierent magnitudes of uncertainty. Bid-ask spreads equ@b%hd minimum price $0.10.
For the given set of parameters, maximum expected retureae significantly in the uncertainty of the
timing of the announcement;,;. The impact of uncertainty about the jump magnituge, on expected
returns is positive, but it is less pronounced. Thus, highwerertainty about the timing of public news
announcement reduces expected returns and incentivizesvisstor to choose longer maturity options and
deeper OTM options compared to the benchmark case, witgutiraing uncertainty. On the other hand,
higher uncertainty about the magnitude of the announceimergaseghe expected returns and results in a

choice of shorter-term options that are further OTM.
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3.2. Expected Returns of frent Trading Strategies and Private Signals

Having illustrated the ffects of market frictions and noise in the private signal goegeted returns, we
now explore how théypeand thequality of an informed investor’s private signafect the strike price, ma-
turity, and type of option contract she needs to trade to mia her expected return. This helps pinpointing
the trading activity on which a forensic analyst should facu

The upper two graphs in Figure 4 (Figure 5) plot the strikegK™2*and the time to maturityf "®*that
maximize expected returns to informed trading in call ami@ahead of a positive event as a function of the
time to announcementt (the expected jump in stock priced,*® The lower graph displays the maximum
expected returfe[R]™2* In each figure, results are shown for threffatent parameter sets describing the
private signal.

Figures 4 and 5 illustrate several important takeaways rgée by our framework? We refer to the
upper, middle, and lower graphs in Figures 4 and 5 as Figuredb} 4c, and 5a, 5b, 5c.

The first set of implications is related to the strike priceximazing expected returnK(m®). « is a key
determinant of expected returns (Figure 5c). Naturally,ltwerk, the higher the moneyness of the traded
call option (Figure 5a).However, for many parameter coratiims, informed investors do not trade OTM.
For instance, for the parameter sets plotted in Figure Sajens will trade ATM or even ITM for anticipated
jumps of up to 10%. Furthermore, the kink in the function impkhat once reached a certain level, insiders
will only marginally reduce the moneyness given an addéiancrease irx. Options that trade DOTM thus
do not maximize returns to informed trading. The kink is dodhte market frictions incorporated in our
framework. Their impact on insider trading is most pronahéor options with a low theoretical value, for
instance options with low implied volatility and short tinhe maturity. Amongst others, this explains why

KMaXshown in Figure 4a is lower for options with a short than farsih with a medium time to maturity.

3Expected returns are computed according to Equation 4.
140f course, the plots are restricted to a limited number ofypater combinations. However, the main takeaways disdusse
this section are robust to changes in parameters. We caidpragiditional results upon request.
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The second set of implications is related to the time to nitstwf the option maximizing expected
returns TM#¥). The longer the period between the time an insider traddsttas time of the anticipated
announcemenit, or the higher the uncertainty about the announcement degdonger the maturity of the
options an insider needs to trade to avoid that they expimthtess (Figure 4b). All else equal, the need to
trade in longer term options decreases expected returnsitter trading (Figure 4c).

We include additional graphs for the case of scheduled syand for diferent trading strategies in the
Appendix to this paper. Figures Al and A2 illustrate thatestpd returns to informed trading in call options
are lower for scheduled events. Figures A5 and A6 show thathsyic calls enable investors to reduce
the impact of market frictions and substantially increageeeted returns, as OTM or even DOTM options
can be created by trading the underlying together with ITMDBFM options, which are substantially less
affected by market friction®> However, trading synthetic call options requires an inmesi partly finance
his positions by borrowing at the risk free rate and is thislyi restricted to sophisticated investéfs.
Accordingly, based on a full examination of all civil androrhal litigations for illegal insider trading, we
note that almost no litigation refers to insider trading lempented through the use of synthetic options
positions. Finally, Figures A3 and A4 demonstrate that thiéepns observed for informed trading in call
options are very similar for put option trading, implyingatihe above insights extend to the latter.

To summarize, expected returns from options strategiesdli@@n tremendously as a function of the level
and precision of private signals. Regulators and researttyéng to pinpoint suspicious trading can account
for these diferences using a framework as proposed in this study. Sudmgyprinciples may allow them

to focus on trading in those contracts that are supposedst attvactive to informed investors. Appendix A

15Even though DITM options can, in absolute terms, have higisolute bid-ask spreads then DOTM options, the percentage
spread of DITM options relative to their price tends to bessabtially lower, given that prices include a high intrmsalue. For
the same reason, minimum prices are irrelevant to the griciiTM options.

18We ignore synthetic put options, which can be created by auimdpa long call position with a short position in the ungenty,
as these imply significant margin requirements. While tresebe incorporated in our framework, this is beyond the eap
our analysis. In brief, any significant margin requiremeiit substantially reduce an investor’s leverage and thesyiy reduce
returns to insider trading.

70ur framework also allows the analysis of informed tradimgalatility strategies such as straddles. We do not inchedelts
for the sake of brevity but can provide them upon request.
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provides a structured summary of the implications of ouotbtical framework.

3.3. Empirical Predictions and Development of Hypotheses

Our objective is to improve the detection of illicit tradimgtivity. To achieve that goal, our framework
needs to be applicable. The numerical analysis, based arooaeptual framework, suggests several testable
predictions that we verify using two fiierent datasets. First, a hand-collected dataset of SEf@tidns
complemented with trading data enables us to observe thraathestics of illegal insider trading ahead of
M&A announcements, as well as positive and negative easramgouncements. We use this data to verify
the following hypotheses.

H1: Ahead of M-A announcements, insiders trade

(a) earlier (relative to the announcement date),

(b) in options with greater time to maturity, and

(c) in options that are further out of the money,
than ahead of earnings announcements.

We test this hypothesis by comparing the trading activitylle§al insiders for the three fierent sub-
samples of SEC litigations.

H2: On option days with illegal insider trading, insiders are radikely to trade in options that have
higher expected returns.

We test this hypothesis by estimating logit regressions dfimmy variable indicating illegal insider
trading in a specific option contract on expected returnsctvepute the latter according to our framework
as a function of the insider’s private signal. For each daybith an option was traded by an insider, our
sample includes all options written on the same stock thdett on this day.

Second, we study patterns in the pricing and volume of optadread of significant corporate news. In
a first step, we employ simple measures of directional optiading that do not require the calculation of

expected returns to test the following hypothesis.
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H4: There is unusual option trading activity ahead of significaorporate news.

The pricing measure used to test this hypothesis is the aldtgarithm of the ratio of the implied
volatility of OTM call options divided by that of OTM put ofths. The volume-based measure is the relative
call volume, which we define as the dollar volume traded icalll options written on a stock on a given day
divided by the sum of the call and put volume. These measueesare naive and simple to compute than
those used in recent studies including Pan and Poteshm@)(ZRoll et al. (2010), Johnson and So (2012),
and Ge et al. (2015). If we find evidence for unusual tradiniyi®cbased even on our naive measures, more
evolved measures will arguably provide even stronger t&sul

The next hypotheses are again based on the naive measuissctibdal option trading, and reflect the
predictions about the behaviour of informed investors gated using our theoretical framework.

H5: Ahead of positive (negative) announcements with a highantaelate uncertainty, relative call option
volume will start to increase (decrease) earlier than foemtg with low event date uncertainty.

H6: Ahead of positive (negative) announcements with a higremtalate uncertainty, the ratio of call to
put implied volatility will start to increase (decrease)riar than for events with low event date uncertainty.

We test these hypotheses by comparing the time series ofneeabture for scheduled and unscheduled
events. Finally, we employ our theoretical framework tostaict new measures capturing suspicious trading
activity. For each call (put) option-day, we compute hygtital expected returns for-&l0% (-10%) price
jump. For each firm-day, we then compute the ratio of the velafncall (put) options with a high expected
return to the total call (put) volume. Additionally, we calate the ratio of the implied volatility of high
expected return options to low expected return options.bFayrity, we label these measures “volume ratio”
and “IV ratio” and use them to test the following hypothesis.

H7: The call (put) volume ratio predicts positive (negative)pmmate news.

H8: The call (put) IV ratio predicts positive (negative) corpte news.

We test these hypotheses by estimating multinomial logitagsions of a variable indicating whether (i)
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no, (ii) a positive, or (iii) a negative corporate event witlcur over the next days on the call and put volume

and IV ratios.

3.4. Characteristics of lllegal Insider Trading

In this section, we compare the predictions from our thémakframework to illicit insider trades regis-
tered in civil and criminal litigations initiated by the SERd the DoJ. To do so, we build a dataset compris-
ing actual insider trading activity in equity options frorvitlitigation records obtained from the SEC, and
criminal litigation records obtained from the D&JWe focus on the subset of SEC litigation cases related to
insider trading in options prior to M&A and earnings. Thesastitute a particularly interesting benchmark
for our predictions. M&A announcements are not schedulatthas exhibit timing uncertainty. However,
an insider may have information about the premium, allovanglatively precise prediction of the change
in stock price following the announcement. Kappa uncetyasthus low. Earnings announcements are dif-
ferent. While they are scheduleg@/; = 0), it can be more dlicult for an insider to estimate the price impact
of earnings news. We assume Kappa uncertainty to be suladliahigher for earnings than for M&As.

We source information on litigations related to M&A and éags announcements from the website of
the Securities and Exchange CommissidrSimilar to Augustin et al. (2015), we first scan all litigatio
files for cases involving insider trading with options by meédng for the keywords “insider” and “options,”
as well as “earning” or “earnings”. In a next step, we manuaktract variables from the files. These
include the name of the firm subject to insider trading, theslat which options were traded, the number
of options traded, the strike price and maturity of the aptithe option type, and the date at which the
firm was expected to release the pricing relevant news. Weaatethe sample to cases for which one or
more insider trading dates and the information release fadtento our sample period from 1996 (when

OptionMetrics data starts) to 2010 (when our Capital 1Q destad in the second part of this study ends),

8Detailed documentation on these cases is published undersew.goylitigation.
1A civil litigation records are publicly available on thealssite of the SEC, www.sec.gftitigation.
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and to options written on US-American common stock. In adtegh, we match observations withficient
detail to specific option contracts covered by the OptionMgtatabase, using information from the Option
Price files. Table 1 reports summary statistics for our finatgle of SEC litigation cases.

The characteristics of actual illegal insider tradé@&moempirical support for the previously introduced
framework. Amongst others, the timing uncertainty of M&Ananincements is reflected by a higher time to
maturity of options traded by insiders ahead of M&A relatisezarnings announcements. Furthermore, the
moneyness of the traded options decreases in the magnitedpexrted returns. Ahead of M&A announce-
ments, insiders bet on substantial positive returns byhasiag OTM call options with an average spot to
strike price ratio of 90.67. In contrast, insiders trade nogochanges due to positive (negative) earnings an-
nouncements using call (put) options that are, on averag#ahd have an average spot to strike ratio equal
to 104.7 (90.7). We further observe significant marketifsits. Even the 5th percentile of option prices is
twenty cents or higher, and median bid-ask spreads varydeetwi5 and 18 cents. Finally, option returns
are by far the highest for insider trades ahead of M&A, andsghé percentage of insider trading activity.
Implied volatilities are higher for options traded by inmid ahead of earnings announcements, which is
consistent with increasing volatility in the underlyingsasand increased premia for information asymmetry
ahead of scheduled everts.

In addition to comparing the characteristics of the illeigaider trades to the predictions of our frame-
work, we use the SEC litigation data to verify more directlgur approach enables the detection of insider
trading in options. Table 2 reports results from logit reégien of an indicator whether — according to the
SEC Litigation files — an insider traded in a specific optiontcact or not. For each day on which an option
written on a stock was traded by an insider we include allamgtiwritten on the same stock that traded on
this day. The dependent variable flags the option tradedéintiider and equals one for all 358 observations

in our SEC litigation sample. Explanatory variables inéutie percentile rank of expected returiE$R]

20See Goyenko et al. (2014).
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Rank) and the Acharya and Johnson (2010) “bang for the buddsure.

Results show that the probability of insider trading indeeateases in the expected return to informed
trading computed according to our framework. The resubliist to controlling for the “bang for the buck”
measure. This suggests that our approach can provide teguéand researchers with guidance on how to
improve the detection of insider trading.

However, it is possible that the results presented in tlu@eare (partly) due to a sample selection bias.
If prosecutors intuitively focus on trading activity matat) the predictions of our framework and simply do
not uncover other insider trading, this could induce thelteseported previously. In the subsequent anal-
ysis, we therefore benchmark predictions from our framé&vegainst suspicious trading activity observed

ahead of a large sample of corporate news, and to predictravehin the aggregate cross-section of stocks.

4. ldentifying Significant Corporate News

Our objective is to exploit the conceptual framework of mfied trading to improve the identification
of unusual trading activity. In the subsequent empiricallgsis, we employ it to explain trading patterns
prior to significant corporate news (SCNs) and to predichsuews. As detailed subsequently, these are
news events that we can link to extreme price movements (fEBMsocks. This section outlines how we
construct our sample of SCNs.

When studying informed trading ahead of events, using a Eaai5CNs instead of a broad sample of
a specific event such as an M&A or earnings announcement hiiplmadvantages. First, we can study
different types of corporate events, rather than focus on onédodl type of event! This enables us
to exploit the heterogeneity in announcement charadtgisd understand how informed investors trade
in options. In this study, we explore trading patterns ahefadifferent types of SCNs including analyst

recommendations, earnings announcements, corporat@geaedVi&As, product development, management

2lFor example, Acharya and Johnson (2010) examine only Igeerbuyouts, Augustin et al. (2014) only M&As, and Augustin
et al. (2015) only 426 spinifs.
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changes, changes in dividends or financing, and others. n8etsing SCNs as a starting point yields
a sample that is larger and comprises economically more imgfah insider trading opportunities. This

increases the statistical power of the statistical amaly$iird, given that the timestamp of an EPM and
thus the SCN can be observed precisely using market datayernsuiee to identify the moment news gets
incorporated into prices. We thus eliminate event date mi@icdy which can upward bias measures of
unusual trading activity. In the following, we first desaibow we identify EPMs, and then outline how we

associate them with news events to finally obtain a sampl€dfsS

4.1. |dentification of EPMs

Our sample period begins in 2000, the first year for whichrimiation from RavenPack, our primary
news data set, is first available, and ends in 2014. To obtish @ EPMs, we collect information on stock
returns and prices, security type, the number of sharesamdlisg, and trading volume from the Center for
Research in Security Prices (CRSP). We retain all commarkst(sharecode 10 and 11) that trade on the
AMEX, Nasdaq or NYSE, for which all variables are availablesulting in a total of 17.5 million daily
return observations. We exclude stock days with a lagge#ehaalue (the market value as of the previous
trading day) below ten million USD or a lagged stock priceolefive dollars as such securities are often
illiquid and exhibit higher levels of market microstruaumoise. Furthermore, we delete all stocks for which
not a single news headline is reported in the RavenPack natabake during our sample period.

We obtain a list of 138,121 EPMs from the remaining 11.4 wnilldaily observations. We classify a
stock day observation as an EPM if it is a jump as defined by dwednd Mykland (2008) method for jump
detection or if the return on that day is above or below alinet observed during the preceding 252 trading
days. We additionally require the availability of stock ketrdata for at least 189 of the past 252 trading

days?? In sum, our definition of EPMs is most closely related to the ased by Brogaard et al. (2015).

22For details on the Lee and Mykland (2008) approach for juntpad®mn, see Appendix B. Amongst others, the method is used
by Bradley et al. (2014) to examine the impact of analyst meoendations on stock prices.
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They define EPMs at ten-second intervals as jumps identifigbdeoapproach proposed in Lee and Mykland
(2012), which is more suitable for such high frequencies tive Lee and Mykland (2008) method used in
this paper. In robustness checks, they alternatively levesecond returns with a magnitude in the 99.99th
percentile. In a final step, we match this list to the Optiotiide and Compustat databases. As we are
interested in informed trading in option markets, we exelatl EPMs of stocks on which there is no option
written that traded once or more during the 63 trading days pv the EPM. We further delete observations
which we cannot match to Compustat. Our final sample incl&3e853 EPMs — 50.9 percent of which are

negative — observed for 4,131 securities on 3,7@ednt dates between 2000 and 2014.

4.2. Associating EPMs with News

Early doubts cast on the relevance of news for asset pricivg recently been rectifiéd. Boudoukh
et al. (2013) use textual analysis to demonstrate that amowed identification of relevant news stories
results in a tighter link between stock prices and news. Byagt al. (2014) document that after correcting
the time stamps of analyst recommendations, these becolngpantant determinant of Lee and Mykland
(2008) jumps. More anecdotally, Lee and Mykland (2008) reghat only “one or two” of 24 detected jumps
were not associated to news.

We therefore expect a significant part of EPMs to be driven éysthat investors incorporate into
prices. Understanding what news story (most likely) induea EPM is important for our study, as the
type of news can féect both the probability of informed trading, as well as mfied trading strategies.
Acharya and Johnson (2010) argue that the probability adémgrading increases in the number of insiders
in private-equity buyouts; results reported by Augustiralet(2014) indicate that insiders in M&A deals
employ multiple investment strategies involving optionstten on the target and acquiring firm’s stock. In
Section 3, we showed that the return-maximizing optiorditigastrategy depends on the timing uncertainty

and the magnitude of the stock price reaction of the futuremancement. Both these parameters vary across

23See Roll (1988)’s presidential address to the AFA.
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different types of events. For example, the timing uncertamiero for scheduled events, such as earnings
announcements, but it can be high for unscheduled evenésdifdction and magnitude of an announcement
return may be easier to predict for an M&A deal than for a clesingnanagement.

Our primary source for news data is the RavenPack News AcslitowJones Edition. RavenPack
employs textual analysis to identify companies, news caiteg, and news relevance in Dow Jones news
articles and Press Releases published since the year 2@@b. néws story has a milisecond precise time
stamp. Over our sample period, the data includes 7.98 mitlaporate news stories for which a US based
firm and a category were identified. We discard all news stddewhich the relevance or novelty score is
below its maximum of 100, as well as all stories of firms whiah ave not able to identify in the CRSP and
Compustat database. Finally, we delete all news aboutale,shcluding articles on stock gains and losses,
order imbalance, and technical analysis, as these may lemredaused by an EPM rather than being the
reason for the EPM. These criteria result in 3.3 million netasies.

Especially large firms appear in the news frequently and hotesvs stories that co-occur with EPMs
caused them. To associate specific news stories with EPMgreoeed as follows. Similar to Bradley
etal. (2014), we estimate logistic regressions to sefgrakentify the determinants of positive and negative
EPMs. More specifically, we regress an indicator of positwenegative EPMs on variables indicating
RavenPack news categories. Theffionts obtained from these regressions are the log of the-adib,
which has a straightforward interpretation. Forf@agenti it indicates by what factor the odds of observing
an EPM changes if news are reported (only) in categoryor instance, on a day with no other reported
news, the odds of observing an EPM increase by a factor ofiBrigws are published that earnings per
shares are above expectations.

The sample includes all 11.4 million stock-days includethi sample for which we estimate EPRfs.

For a given stock-day, a news indicator is set equal to onevifsnin that category were reported for the

24Details on the sample selection are included in the prevsegtion.
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stock between 4pm on the previous trading date and 4pm ofitiea gay. Of 527 RavenPack categories
for corporate news, we ignore all categories for which ndnhgle news observation is made on a positive
(negative) EPM day and include indicator variables for @lI(81) remaining categories.

Tables Al and A2 only report statistics for all indicator ishies that are significant at the one percent
level. To account for multiple hypothesis testing we usefBowoni adjusted p-values, implying a minimum
t-value of 4.12. A detailed discussion of these results yohd the scope of this paper. Overall, results are
intuitively appealing. Events associated with returns ighhmagnitude such as M&A announcements or
negative news about clinical trials have high odds ratiosine with Bradley et al. (2014), analyst related
news are important determinants of EPMs. We use these sdsuftssociate news and EPMs. First, we
assume that only news that are significant determinants bfsHPRe. all news in the categories reported in
Tables Al and A2) can explain EPMs. Second, in case two or mawes headlines for a firm are published
between the end of the previous trading date and the day @&Rh&, we associate the one with the highest
odds ratio with the EPMWe define an SCN as an EPM that we can explain by a news headlimg this
approach.

We complement the RavenPack database with information iminga news from Compustat’s Capital
IQ Key Development (CIQKD) database and quarterly earnamgsouncement dates from the Compustat
Quarterly files. We use this information to distinguish betw scheduled SCNs — which define as SCNs on
the day or the day after an earnings announcement — and uhseticSCNs that do not occur with earnings.
This matters in our analysis, as there is a run up in impliddtiities ahead of scheduled SCNs. Similar to
Cremers et al. (2015), we assume only news published omearannouncement days to be scheddéted.

Table 3 reports descriptive statistics for the sample oitpesand negative SCNs for each news category.

Not surprisingly, news about a firm being acquired are aasetito the highest returns and almost always

25The authors assume only earnings news to be scheduled. Epweany other news, for instance related to financing, grodu
releases etc are published on earnings announcement la&eestors trading in options ahead of these will also faeetie-earnings
run-up in implied volatilities, which fiects expected returns. We therefore consider all newssetlean earnings announcement
dates as scheduled.
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induce heavy trading. Negative news about drug developmentomparable even though the subsample
is substantially smaller. EPMs which we cannot associatetes using the above approach (and which we
thus do not classify as SCNs) often do not occur on days with lwgh trading volume, indicating that they
may partly be due to the impact of trading on the prices ajuilil stocks rather than fundamental news. We
ignore this category of EPMs in the subsequent analysis @s exents may be noise that does not enable
insider trading.

The heterogeneous nature of our event sample allows us &rstadd how informed investors can lever-
age diferent types of private signals. Table 4 describes expeetens to informed trading in call (put)
options ahead of positive (negative) SCNs for each newgjaaténcluded in our sample. Expected returns
are computed using Equation 4, assuming that informedtioreerade ten days ahead of unscheduled news
and one day ahead of scheduled news. The anticipated stiocekrpaction and its uncertainty are equal to
the average and standard deviation of the return in eachaates reported in Table 3.

The median and 90th percentile of expected returns areamiladly higher for events with strong stock
price reactions. In most categories, trading ahead of stbddews enables a higher leverage. This is in
line with the high expected returns of short term optionsl@échbriefly ahead of an event documented in
Section 3. However, expected returns computed for an adataket rather than numerical analysis reveal
that the benefit of trading shortly ahead of an event arediinit-or instance, the median expected returns
to informed trading ahead of positive scheduled and unsgbddanalyst opinions equal 120.2 and 103.8
percent, respectively. Theftkrence between the subsamples of scheduled and unschedatdd is larger
for the 90th percentile. This is simply due to the fact thamiany cases, no or only a few options expiring
directly after an event exist. While in theory, a preciseitignsignal enables substantial leverage, tfiect

reduced by the limited number of option contracts informmeestors can trade in.
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5. Identifying Informed Trading Prior to SCNs

In the previous section, we outlined how we construct ourgaraf SCNs. Put simply, these are strong
price movements co-occurring with news announcementshijesucategories known to induce strong price
movements. The requirement of large price movements imifiat profits to informed trading ahead of
SCNs are economically large. Requiring the co-occurrefiégmportant news increases the chances that a
significant number of insiders to an event exist. We theeefogue that informed trading ahead of an SCN
is more likely than (i) ahead of a news event that is not aceommal by a significant price reaction and (ii)
ahead of a strong price reaction that cannot be explainddauitews announcement. In sum, we consider
our sample as particularly suited to study patterns in meat trading.

Before benchmarking such patterns against the predictiboar framework, we provide evidence sup-
porting our assumption that SCNs are preceded by infornaelinty. Figure 6 plots measures of directional
trading activity ahead of positive and negative eventsttoggewith the diference between the two subsam-
ples. The two measures of directional trading activity aeeraitio of call volume to total option volume and
the implied volatility of OTM call options to that of OTM putptions. As previously acknowledged, these
measures are more naive than measures used in recent&tédiemngst others, they do not capture whether
option positions are closed or opened and are partly basel@dtasets not used in this study. Evidence for
unusual trading activity based on our simple measures caxjiected to be be more pronounced for more
informative measures.

In line with our assumption, we observe suspicious directipatterns ahead of SCNs. The ratio of call
to total option volume drops substantially ahead of negatsws, meaning that the relative amount of traded
put options, enabling bets on negative price movementeases. This pattern cannot be observed ahead of
positive events, ahead of which there is no significant ceanghe volume based measure. Thetence

in the average volume measure between positive and negatdaamples increases substantially during the

28For instance, see Pan and Poteshman (2006), Roll et al.)(2stthson and So (2012), and Ge et al. (2015).
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days before negative news. The lower two panels of Figure@ge additional support for our hypothesis
that informed trading takes place ahead of SCNs. It showglieaaverage ratio of OTM call to OTM put
implied volatility does not dfer significantly between the subsamples of positive andtiveg8CNs until
around thirty to forty trading days ahead of the SCN. During last weeks preceding the event, however,
the measure increases significantly for the subsample daiygoSCNs. This indicates that the pricing of call
options, on average, increases relative to that of put optihead of positive news. In contrast, the measure
slightly decreases for the subsample of negative eventanimg that put options become relatively more
expensive ahead of negative events.

In a next step, we examine whether the above patterns fiezatit between the subsample of sched-
uled and unscheduled SCNs, and whether tlfierdinces are consistent with our predictions. We classify
any event as scheduled that falls on a quarterly earningguaicement date. Figure 7 plots théfeience
between the average directional trading measures aheaubiti’p and negative events. The two measures
of directional trading activity correspond to those pldtie Figure 6. We observe that the previously docu-
mented patterns exist in both subsamples. More importamydocument that the increase in thffatience
of both measures between the subsample of positive andiveegaents increases sharply on the one to
three days preceding a scheduled event. In contrast, ttnsage stretches over a longer time period ahead
of unscheduled news. These observations are consistdnbwithypotheses that informed investors trade
(i) briefly ahead of scheduled events — despite potentiabipsin implied volatility ahead of these and (ii)
further ahead of unscheduled events with uncertain timing.

The previous evidence supports our hypotheses that tharoisned trading ahead of SCNs, and that
patterns in informed trading are consistent with our piaalis. However, it may also be due to a com-
bination of sample selection and uninformed speculatioor ifstance, speculators might bet that firms
approaching financial distress declare bankruptcy by @oguput options. As our sample only includes
the observations for which a news event, such as a bankrugtcyrred, our previous results may suggest
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the prevalence of informed trading even in case there is amiyformed speculation. In the following, we
address this concern by predicting SCNs in the aggregass-sexction of stocks.

Table 5 reports results from multinomial logistic regressi of an indicator whether (i) no, (ii) a negative,
or (iii) a positive news event takes places over the next B&dcolumns 1 and 2) or the next 1-10 days
(columns 3 and 4) on explanatory variables capturing tgadictivity in call and put optionsftering high
expected returns to informed traders. The sample compalsetock-days from 2000-2014 reported in the
CRSP database that meet standard sample selection cifiberighich OptionMetrics data is available.

As opposed to the previous naive analysis, our explanatanighbles are directly based on or theoretical
framework. Relative call (put) volume is defined as the vauof call (put) options with high expected
returns to informed trading scaled by total call (put) vokurixpected returns are computed using Equation 4
for call and put options for a private signal about a pricejurh+10% and -10% anticipated for the next day
(columns 1 and 2) or in ten days from now (columns 3 and 4). Higbected returns returns are expected
returns in the highest decile of the pooled distributionmi&irly, the relative call (put) implied volatility
(Rel. Call IV or Rel. Put IV) is computed as the average ingplelatility of call (put) options with high
a expected return divided by that of all other options. Owlsays for which information about implied
volatilities is missing even though options were traded setethe value of Rel. Call IV (Rel. Call IV) equal
to the average value of the pooled sample.

We indeed find that high pricing of or high trading volume intiops dfering the highest expected
returns to informed investors predicts negative and pes8iCNs in the aggregate cross-section. Consistent
with the evidence presented previously, we show that theptitn volume ratio predicts negative corporate
news, while the call option IV ratio predicts positive corgie news. Using this approach, we can predict
positive and negative news in the short term (over the negretirading days) and even over the next ten

trading days’ These results cannot be explained by a potential sampletiseldias and indicate that our

2"The negative cd@cient of the call volume measure in the fourth column is dutiédact that we compute the ten days measure
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theoretical framework enables us to identify informed imgdactivity in the options market.

6. Conclusion

In this paper, we propose a framework for describing howrmid investors can leverage their private
information in the options market. We assume that theirgbesignal includes information about the timing
of future news events and their impact on stock prices. Sinsganformation can be uncertain, the signal’s
quality influences the choice of option strategy enablingrdormed investor to maximize his expected
return. Furthermore, we account for bid-ask spreads anthram option prices, and demonstrate that these
market frictions can substantiallfffact the trading behaviour of insiders. Amongst others, caméwork
predicts that informed investors often trade ATM rathent@a M options.

We validate our framework in threeftkrent empirical analyses. First, we benchmark our prexdisti
against illegal insider trades documented in a hand-delesample of SEC litigation cases. Indeed, we
report that characteristics of cases of actual insideiirtgadre consistent with our predictions. In addition,
we show that insider trading is concentrated in options d¢ffar high expected returns to informed trading
according to our framework.

In a second step, we use the comprehensive RavenPack nakssato explain extreme price move-
ments by news stories and create a sample of 30,975 signiiogrorate news from twelve fiierent cate-
gories reported over the years 2000-2014. We then docuimatmaive measures of directional trading in the
options market behave féiérently ahead of positive versus negative news eventshwhiicates the pres-
ence of informed trading. Patterns in this suspicious trgudictivity are consistent with the trading behavior
of informed investors predicted by our theoretical framewo

In a third step, we address concerns that the documentedainuading activity is due to speculation

rather than informed trading. We do so by showing that messoapturing trading activity in call (put)

assuming that events are expected to occur in ten days, whehe dependent variable in our regression flags eventsteveext
ten rather than in ten days.
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options with high expected returns computed using our fremnle predict significant positive (negative)
corporate news in the aggregate cross-section of stocks.

In sum, this paper provides a framework allowing to identifg option strategy that maximizes returns
to informed trading. Our approach can be applied to (i) helypulators detect illegal insider trading (ii)
provide guidance to (legally) informed investors on howetgelrage their private information, and (iii) extract

information from the options market that enables the ptemficof corporate events and stock returns.

33
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Figure 1: The Hect of Market Frictions and Run-Ups in Implied Volatility &xpected Returns:

The graphs in this figure plot expected returns to informaditig in call options computed using the BSM framework. Tppax

two graphs are based on the assumption that there are naigieet frictions nor a run-up in implied volatility . The bakk spread
and the minimum price are equal to zero. The lines in the twefgyraphs that are labelled “market frictions” assume aaski
spreade of $0.05 and a minimum price of $0.10, all other parametarsairing equal. The lines labelled “scheduled” assume a
Dubinsky and Johannes (2006) run-up in implied volatilingad of the event. On each side, the strike price (matustghosen
such that the graph shows the global maximum of the expeetednrfunction. This explains why the maxima in the left ahed t
right graphs are identical. The timing and magnitude of thesiinduced jump are known with certaink=(2, A;=3/360, o=0,

o a=0), andSy=10,r=.03,0=.4.
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Figure 2: Time Series of Bid-Ask Spreads and the Lowest Bio¢&quity Options:

Panel Aplots the evolution of the average (dotted line) and mediasltied line) of bid-ask spreads. Averages and medians are
computed over all contract-days with a trading volume ofast 100 options and non-negative bid-ask spreBasel Bdisplays

the evolution of the minimum (dotted line) and the first petde (dashed line) of option prices below three dollarsnidia and
percentiles are computed over all contract-days with artgadolume of at least 100 options. Circles mark call optjaresses
mark put options.
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Figure 3: The Hect of Noise in the Private Signal on Expected Returns:

The graphs in this figure plot expected returns to informaditg in call options computed using the BSM framework. Téfe |
(right) graph plots expected returns as a function of the timmaturity (strike price) of the option. On each side, tiikes price
(maturity) is chosen such that the graph shows the globalmar of the expected return function. This explains why ttexima

of each function in the left and the right graph are identitaleach graph, the four lines represent the case of no aasrired
dots), uncertainty about the eventBezt on the stock price, > 0 (blue dash-dots) uncertainty about the time to announaeme
o > 0 (dashed black line), and uncertainty in both dimensiookdblack line). Bid-ask spreads and minimum prices eq0Ge0%
and $0.10, respectively. Furthermoke, 2, A;=30/360,S,=10,r=.03,0=.4.
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Figure 4: Maximizing Expected Returns to Informed Tradingall Optionsdepending omt:

The upper two graphs in this figure plot the strike pri€8®* and the time to maturity ™ that maximize expected returns to
informed trading in call options ahead of a positive evena &snction of the time to announcemettt The lower graph displays
the maximum expected retul{R]™?*. Results are shown for three parameter sets.

(1) black solid line: o = 1day, « = 0.2, 0,0.05

(2) blue dashed line: o = 1day, k = 0.05,0,0.05

(3) red dash-dotted liner, = 5 days «x = 0.2, 0,0.05

In all plots,Sp=10,r=.03,0=.4. Bid-ask spreads and minimum prices equal $0.05 and $@4pectively. Events are not scheduled,
meaning that there is no run-up in implied volatilities méing the event.
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Figure 5: Maximizing Expected Returns to Informed Tradingall Optionsdepending on:

The upper two graphs in this figure plot the strike pri€8®* and the time to maturity ™ that maximize expected returns to
informed trading in call options ahead of a positive evena &snction of the expected jump in stock prices,The lower graph
displays the maximum expected retlE[R]™®*. Results are shown for three parameter sets.

(1) black solid line: At = 30days o = 5days ¢,0.05

(2) blue dashed line: At = 30days o = 5 days ¢,0.005

(3) red dash-dotted linest = 3days ox¢ = 0 days ¢,0.005

In all plots,Sg=10,r=.03,0=.4. Bid-ask spreads and minimum prices equal $0.05 and $@4pectively. Events are not scheduled,
meaning that there is no run-up in implied volatilities méing the event.
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Figure 6: Suspicious Trading Activity ahead of News Events:

This figure plots the average directional trading activitad of positive and negative events (first and third graghjyell as the
difference between the two (second and fourth graph). The tweuresaof directional trading activity are the ratio of callume
to total option volume (first two graphs) and the implied Wity of OTM call options to that of OTM put options (last twgraphs).

The X-axis shows trading days relative to the event and doemalude the day of the event itself.
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Figure 7: Suspicious Trading Activity ahead of Scheduledl ldnscheduled Events:

This figure plots the dierence between the average directional trading activigadtof positive and negative events. The two
measures of directional trading activity are the ratio df walume to total option volume (upper graphs) and the imgivolatility

of OTM call options to that of OTM put options (lower graph3)he left (right) graphs plot these measures for the subsaoipl
scheduled (unscheduled) news, which we define as any ne®yp(riished at the time of a quarterly earnings announceniére
X-axis shows trading days relative to the event and doeswhide the day of the event itself.
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Table 1:SEC Litigation Cases - Summary Statistics.

This table reports descriptive statistics for our sampl8BC litigation cases on insider trading in option marketsaahof earnings
and M&A announcements. The sample is restricted to tradgesaté were able to match to specific option contracts in théoBpt
Metrics database. Option prices are end-of-day midpo@gion returns are the ratio of the option’s first availabid-®f-day bid
price after the announcement date and the end-of-day beshabe purchase date minus one. If an option was not tradesiwi
the month following the announcement, we use its intrinsiie the day following the announcement as a numeratoraidsié
the bid price. Inside Options is the number of options trdaethe insider, Inside OptTotal VIm. scales this number by the total
volume traded in the contract on the same day. Reported arage; standard deviation, and the 5th, 50th and 95th pgédecen

ALL Earnings Earnings A
(Calls) (Puts (Calls)

Number of events 14800 1300 2900 10900
Number of option days 3580 1600 5800 28400
Nb. Calls(%) 83.80 10000 000 10000
Nb. Puts(%) 16.20 000 10000 000
SK*100 Avg 96.84 10472 9067 9765
Std 14.67 1384 1665 1391

5th 76.77 7704 5336 7912

50th 94.60 10421 9633 9390

95th 12388 12318 10799 12531

Time to Mat. Avg 46.40 3331 3828 4879
Std 37.82 1861 3996 3789

5th 8.00 650 300 900

50th 36.00 2900 2450 3800

95th 13000 6810 11620 13530

Option Price Avg 1.49 305 277 114
Std 179 284 294 113

5th 0.20 061 036 020

50th 0.95 190 145 080

95th 4.46 978 984 303

Bid-Ask Avg 0.20 021 023 019
Std 021 015 020 021

5th 0.05 007 005 005

50th 0.15 018 015 015

95th 0.50 050 Q75 046

Option Ret [%] Avg 1,13558 10989 47305 132868
Stock Ret [%] Avg 1910 465 -2260 2843
delta T (days) Avg 17.47 856 1241 1901
Inside Options Avg 38152 91113 24486 37959
Inside Opt/ Total VIm. [%] Avg 117 05 051 142
Imp. Vol. [%] Avg 0.50 066 061 047
Delta Avg 0.24 060 -0.46 036
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Table 2:Predicting SEC Litigated Option Contracts.

This table reports results from logit regression of an iatic whether — according to the SEC Litigation files — an iestdaded in
a specific option contract or not. For each day on which arooptiritten on a stock was traded by an insider we include d@lbop
written on the same stock that traded on this day. The depénedgable flags the option traded by the insider and equedar all
358 observations in our SEC litigation sample. Explanat@nyables include the percentile rank of expected retugfig](Rank)
and the Acharya and Johnson (2010) “bang for the buck” meaSiandard errors are reported in parentheses.

@ @ ©)

(Intercept) -0.027 0.096 -0.033
(0.013) (Q007) (Q013)

E[R] Rank 0.269% 0.24%
(0.021) (Q021)

0S/C 5.548& 4.31%
(0.685) (Q675)

R? 0.058 0023 Q072

a Statistically significant at the one percent level, respebt
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Table 3:Significant Corporate News - Descriptive Statistics

This table reports descriptive statistics for the samplpasfitive and negative news events for each of the categariesich we

assign news in our sample. Displayed are the number of odtsmmg N, the percentage of observations that fall on aniregsn
announcement day and are thus classified as scheduled (% E®&verage, median, and standard deviation of returngekhss

the percentage of observations for which the relative tgadblume (defined as the number of shares traded on a givescadisd

by the number of shares outstanding) is above the 90th pédeceha stock’s distribution of this measure.

Positive News Return
N % EAD Avg. Median Std. Dev. %High Vim.
Acquisition (Acquirer) 552 2790 1142 988 699 8714
Acquisition (Target) 780 1359 2498 2161 1663 9936
Analyst 3,606 4393 1244 1027 874 8924
Business Contract 653 1194 1347 1069 978 7902
Credit Rating 124 1935 1279 966 911 9597
Drug & Product Development 103 BD 1362 1042 1285 8350
Dividends 165 1333 825 697 456 7636
Earnings 7,412 10000 1133 992 628 9021
Financing 338 5592 896 773 509 8432
Guidance 901 5082 1120 974 719 9145
Management Change 305 721 1058 813 1210 6918
Merger 71 1972 1242 1106 808 9296
Others 201 2488 1431 1171 1032 8806
ALL 15211 6930 1173 998 747 8959
No Associated News 2881 1224 1057 871 775 6312
Negative News Return
N % EAD Avg. Median Std. Dev. %High Vim.

Acquisition (Acquirer) 161 807 -1003 -873 647 8447
Acquisition (Target) 0 0.00 000 000 Q00 Q00
Analyst 5,732 5302 -1574 -1254 1117 9478
Business Contract 0 0.00 Q00 000 Q00 Q00
Credit Rating 189 3386 -1508 -11.40 1333 9153
Drug & Product Development 54 By -2262 -1890 1470 9444
Dividends 0 0.00 000 000 000 000
Earnings 6,918 10000 -1115 -9.30 678 9115
Financing 265 1849 -1030 -9.23 587 8792
Guidance 1,970 6137 -1373 -1143 879 9487
Management Change 240 3583 -1333 -9.69 1148 8792
Merger 64 1875 -1078 -8.20 7.95 9531
Others 171 1404 -1373 -1118 966 8772
ALL 15,764 7246 -1326 -10.82 883 9276
No Associated News 2697 1105 -956 -7.93 641 6135
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Table 4:Expected Returns to Informed Trading Ahead of News

This table reports medians (“50”) and the 90th percent®€Y) of expected returns to informed trading in call (putjiops ahead of
positive (negative) SCNs for each news category coveredrisample. Expected returns are computed using Equatiasdiang

that informed investors trade ten days ahead of unschedelsd and one day ahead of scheduled news. The anticipatédsice

reaction and its uncertainty are equal to the average andata deviation of the return in each category, as repontddlle 3.

Positive News Scheduled Unscheduled
50 90 50 90

Acquisition (Acquirer) 11472 47263 9253 31860
Acquisition (Target) 29314 128950 31990 140291
Analyst 12015 52021 10383 44507
Business Contract 11241 57418 9778 48105
Credit Rating 10690 47210 14173 64744
Drug & Product Development 172 121768 12411 71038
Dividends 8371 27423 6716 26900
Earnings 11095 42129

Financing 11357 50683 7725 32279
Guidance 13953 55757 9517 40354
Management Change 18% 66602 9108 46308
Merger 15156 52261 9959 59622
Others 15592 61920 11279 66961
ALL 11586 46554 11068 55315
Negative News Scheduled Unscheduled

50 90 50 90

Acquisition (Acquirer) 10089 31844 6094 26977
Analyst 11896 49772 9518 46394
Credit Rating 8361 56413 6584 39646
Drug & Product Development 687 23343 8880 36766
Earnings 10163 36357

Financing 37.60 15256 4599 17787
Guidance 14981 68808 8424 39810
Management Change 128 48119 8782 46575
Merger 46.88 30897 10546 41790
Others 12648 92075 7525 39201
ALL 11129 44255 8672 42546
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Table 5:Predicting Significant News.

This table reports results from multinomial logistic reggimns of an indicator whether (i) no, (ii) a negative, of) @ positive
news event takes places over the next 1-3 days (columns 1)amdi next 1-10 days (columns 3 and 4) on explanatory Vimsab
capturing trading activity in call and put optionffering high expected returns to informed traders. The raterease is the one
without news, cofficients for negative (positive) events are reported in calsithand 3 (2 and 4). The sample comprises all stock-
days reported in the CRSP database over the years 200028tdré common stocks with a minimum stock price of USD 5, a
market value of more than USD 10mio with positive tradingwoé and for which contract specific call and put volume daienfr
are available from the OptionMetrics database. Relatillgat) volume is defined as the volume of call (put) optiongwhigh
expected returns to informed trading scaled by total caif)(polume. Expected returns are computed for call and ptibog for

a private signal about a price jump 0% and -10% anticipated for the next day (columns 1 and 2h ¢en days from now
(columns 3 and 4). High expected returns returns are exgheetarns in the highest decile of the pooled distributiomifrly, the
relative call (put) implied volatility (Rel. Call IV or RelPut 1V) is computed as the average implied volatility of ¢plit) options
with high a expected return divided by that of all other optioOn stock-days for which information about implied vibikiés is
missing even though options were traded, we set the valuelbf@all IV (Rel. Call IV) equal to the average value of the [@ab
sample. Standard errors are reported in parentheses.

Short-Term Mid-Term
Neg. Pos. Neg. Pos.
(Intercept) -5.46* -5.76% -4.312 -4.97
(0.24) (024) (a1e) (015)
Rel. Call VIm Q00 -0.16 006 -0.162
(0.10) (011) (005) (Q05)
Rel. Put VIm o3& 0.06 019 0.03
(0.11) (012) (Q05) (005)
Rel. Call IV -0.04 034° 0.22 068
(0.20) (018) (015) (Q14)
Rel. Put IV -0.06 -0.04 -0.25° 0.10
(0.19) (020) (014) (013)
626,874 626,874 626,874 626,874

abe Statistically significant at the one, five, or ten percenélerespectively.
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Figure Al: Maximizing Expected Returns to Informed Tradingall Optionsahead of Scheduled Events, depending\tin

The upper two graphs in this figure plot the strike pri€8®* and the time to maturity @ that maximize expected returns to
informed trading in call options ahead of a positive evena &snction of the time to announcemettt The lower graph displays
the maximum expected retul{R]™*. Results are shown for three parameter sets.

(1) black solid line: o = 1day, « = 0.2, 0,0.05

(2) blue dashed line: o = 1day, k = 0.05,0,0.05

(3) red dash-dotted liner, = 5 days x = 0.2, 0-,0.05

In all plots, Sp=10, r=.03,0=.4. Bid-ask spreads and minimum prices equal $0.05 and $e4pectively. Events are scheduled,
meaning that there is a run-up in implied volatilities pidiog the event.
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Figure A2: Maximizing Expected Returns to Informed Tradingall Optionsahead of Scheduled Events, depending:on

The upper two graphs in this figure plot the strike pri€8®* and the time to maturity ™ that maximize expected returns to
informed trading in call options ahead of a positive evena &snction of the expected jump in stock prices,The lower graph
displays the maximum expected retlEfR]™®*. Results are shown for three parameter sets.

(1) black solid line: At = 30days o = 5days ¢,0.05

(2) blue dashed line: At = 30days o = 5 days ¢,0.005

(3) red dash-dotted linest = 3days ox¢ = 0 days ¢,0.005

In all plots, Sp=10, r=.03,0=.4. Bid-ask spreads and minimum prices equal $0.05 and $e4pectively. Events are scheduled,
meaning that there is a run-up in implied volatilities pidiog the event.
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Figure A3: Maximizing Expected Returns to Informed TradingPut Optionsdepending omt:

The upper two graphs in this figure plot the strike pri€8®* and the time to maturityf @ that maximize expected returns to
informed trading in put options ahead of a positive event mation of the time to announcement. The lower graph displays
the maximum expected retul{R]™*. Results are shown for three parameter sets.

(1) black solid line: o = 1day, « = -0.2, 05,0.05

(2) blue dashed line: o, = 1day, x = —-0.05,0,0.05

(3) red dash-dotted liner, = 5 days x = -0.2, 0,0.05

In all plots,Sp=10,r=.03,0=.4. Bid-ask spreads and minimum prices equal $0.05 and $@4pectively. Events are not scheduled,
meaning that there is no run-up in implied volatilities méing the event.
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Figure A4: Maximizing Expected Returns to Informed TradingPut Optionsdepending om:

The upper two graphs in this figure plot the strike pri€8®* and the time to maturityf ™ that maximize expected returns to
informed trading in put options ahead of a positive event amation of the expected jump in stock pricas, The lower graph
displays the maximum expected retlE[R]™®*. Results are shown for three parameter sets.

(1) black solid line: At = 30days o = 5days ¢,0.05

(2) blue dashed line: At = 30days o = 5 days ¢,0.005

(3) red dash-dotted lineAt = 3days oa¢ = 0 days ¢,0.005

In all plots,Se=10,r=.03,0=.4. Bid-ask spreads and minimum prices equal $0.05 and $@4pectively. Events are not scheduled,
meaning that there is no run-up in implied volatilities méing the event.
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Figure A5: Maximizing Expected Returns to Informed Tradin@ynthetic Call Optionsepending omnt:

The upper two graphs in this figure plot the strike pri€8®* and the time to maturity @ that maximize expected returns to
informed trading in synthetic call options ahead of a pesigvent as a function of the time to announcemntThe lower graph
displays the maximum expected retlEfR]™®*. Results are shown for three parameter sets.

(1) black solid line: o = 1day, « = 0.2,0,0.05

(2) blue dashed line: o = 1day, k = 0.05, 0,0.05

(3) red dash-dotted liner, = 5 days «x = 0.2, 0-,0.05

In all plots,Se=10,r=.03,0=.4. Bid-ask spreads and minimum prices equal $0.05 and $@4pectively. Events are not scheduled,
meaning that there is no run-up in implied volatilities méing the event.
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Figure A6: Maximizing Expected Returns to Informed Tradin@ynthetic Call Optionsepending om:

The upper two graphs in this figure plot the strike pri€8®* and the time to maturity " that maximize expected returns to
informed trading in synthetic call options ahead of a pesitvent as a function of the expected jump in stock priceShe lower
graph displays the maximum expected retHfR]™®*. Results are shown for three parameter sets.

(1) black solid line: At = 30days o s = 5days ¢,0.05

(2) blue dashed line: At = 30days o = 5 days ¢,0.005

(3) red dash-dotted lineAt = 3days ox¢ = 0 days ¢,0.005

In all plots,Se=10,r=.03,0=.4. Bid-ask spreads and minimum prices equal $0.05 and $@4pectively. Events are not scheduled,
meaning that there is no run-up in implied volatilities méing the event.
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Table Al:Odds Ratios of News Categories for Positive EPMs

This table reports results from logistic regressions ofraticator of positive EPMs on variables indicating RavepaeWws cate-
gories. The sample includes all stock-days in CRSP betw66@ and 2014 with a stock price of at least five dollars, a marke
capitalization of at least ten million dollars and is rest&d to stocks for which we observe news in the Ravenpackads¢sat least
once. We observe 62,913 positive EPMs on 11.4 million stagksd For a given stock-day, a news indicator is set equal ¢o on
if news in that category were reported for the stock betwgam dn the previous trading date and 4pm of the given day. Of 527
Ravenpack categories for corporate news, we ignore aljoets for which not a single news observation is made on #iypos
EPM day and include indicator variables for all 94 remairgategories. This table only reports statistics for indicaariables that
are significant at the one percent level. To account for plelthypothesis testing we use Bonferroni adjusted p-vaingslying

a minimum t-value of 4.12. The “Assigned Category” is theslgeanular definition of news category used in the primaryyaiga
Odds ratios are computed as the exponential of regressasiicients. N4 is the number of news occurrences in the regression, that
is, the sum of the indicator variablblsi,, equals the number of news events of a given category thasarkin the main analysis.

Ravenpack Category Assigned Category Beta Odds Ratio uéval Nieg Ntinal
acquisition-acquirer Acquisition (Acquirer) 1.09 2.98 289 1365 552
acquisition-acquiree Acquisition (Target) 3.39 29.80 484, 1687 668
acquisition-interest-acquiree Acquisition (Target) ?4 11.85 25.28 264 112
analyst-ratings-change-positive Analyst 2.57 13.13 134. 4313 3,281
analyst-ratings-history-neutral Analyst 0.52 1.68 556 591 23
analyst-ratings-set-positive Analyst 0.78 2.19 15.73 435269
price-target-upgrade Analyst 0.67 1.96 4.92 106 33
business-contract Business Contract 0.59 1.80 20.48 23683 6
credit-rating-unchanged Credit Rating 0.56 1.76 5.11 124 7 3
credit-rating-watch-negative Credit Rating 1.49 4.44 584. 198 87
dividend Dividends 0.36 1.43 9.03 1199 142
dividend-up Dividends 0.35 1.42 5.52 414 23
regulatory-product-approval-granted Drug & Product Dewment  1.06 2.89 12.32 224 103
conference-call Earnings 0.33 1.39 8.65 1199 210
earnings Earnings 0.48 1.62 2229 12532 315
earnings-down Earnings 0.39 1.48 9.99 1173 105
earnings-per-share-above-expectations  Earnings 1.14 14 3. 39.25 3694 2,293
earnings-per-share-below-expectations  Earnings 061 84 1. 1441 1082 568
earnings-per-share-positive Earnings 0.53 1.71 21.11 4639316
earnings-positive Earnings 0.63 1.88 22.63 4007 2,222
earnings-up Earnings 0.53 1.70 19.00 3517 259
revenue-above-expectations Earnings 0.52 1.69 17.88 36793
revenues Earnings 0.54 1.72 19.62 5093 877
revenue-up Earnings 0.50 1.64 16.11 2551 134
same-store-sales-up Earnings 0.35 1.43 6.73 681 20
buybacks Financing 0.64 1.90 14.09 851 338
earnings-guidance-up Guidance 0.76 2.15 19.85 1279 643
earnings-per-share-guidance Guidance 0.36 1.44 13.94 7 32595
ebitda-guidance Guidance 0.41 1.50 4.19 142 11
revenue-guidance Guidance 0.27 1.31 10.13 2771 75
revenue-guidance-up Guidance 0.37 1.45 11.05 1537 77
executive-appointment Management Change 0.17 1.19 4.86 49 16 305
merger Merger 1.15 3.15 14.17 444 71
regulatory-investigation Others 1.20 3.32 13.79 254 40
settlement Others 0.50 1.66 4.39 138 39
stake-acquiree Others 1.52 4.59 15.07 152 82
stock-splits Others 1.31 3.69 11.44 144 40
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Table A2:0dds Ratios of News Categories for Negative EPMs

This table reports results from logistic regressions ofraficator of negative EPMs on variables indicating Ravepasks cate-
gories. The sample includes all stock-days in CRSP betw66@ and 2014 with a stock price of at least five dollars, a marke
capitalization of at least ten million dollars and is resed to stocks for which we observe news in the Ravenpackasgaat least
once. We observe 63,565 negative EPMs on 11.4 million stagk.dFor a given stock-day, a news indicator is set equal éo on
if news in that category were reported for the stock betwgam dn the previous trading date and 4pm of the given day. Of 527
Ravenpack categories for corporate news, we ignore alyjoees for which not a single news observation is made on ativeg
EPM day and include indicator variables for all 95 remairgategories. This table only reports statistics for indicaariables that
are significant at the one percent level. To account for plelthypothesis testing we use Bonferroni adjusted p-vaingslying

a minimum t-value of 4.12. The “Assigned Category” is theslgsanular definition of news category used in the primaryyaisa
Odds ratios are computed as the exponential of regressasiicients. N4 is the number of news occurrences in the regression, that
is, the sum of the indicator variablblsi,, equals the number of news events of a given category thasarkio the main analysis.

Ravenpack Category Assigned Category Beta Odds Ratio uéval Neg Nftinal
acquisition-acquirer Acquisition (Acquirer) 0.47 1.60 24. 720 161
analyst-ratings-change-negative Analyst 2.94 18.86 736. 9,181 5,667
analyst-ratings-history-neutral Analyst 0.53 1.70 455 081 18
analyst-ratings-history-positive Analyst 0.53 1.69 8.4 693 21
price-target-downgrade Analyst 1.21 3.35 7.99 107 26
credit-rating-downgrade Credit Rating 0.78 2.18 8.98 230 8 7
credit-rating-unchanged Credit Rating 0.70 2.01 6.20 119 8 4
credit-rating-watch-negative Credit Rating 1.17 3.23 580. 152 63
clinical-trials Drug & Product Development  1.83 6.22 16.70 161 54
conference-call Earnings 0.43 1.54 11.83 1,375 252
earnings Earnings 0.64 1.90 29.45 14,101 2,663
earnings-below-expectations Earnings 0.34 1.40 7.73 81,10 13
earnings-down Earnings 0.52 1.69 15.59 1,997 160
earnings-negative Earnings 0.38 1.46 8.23 1,119 27
earnings-per-share-above-expectations  Earnings 0.68 98 1. 21.11 2,463 1,334
earnings-per-share-below-expectations  Earnings 0.87 38 2. 23.77 1,892 927
earnings-per-share-meet-expectations Earnings 092 2 25 9.62 147 66
earnings-per-share-negative Earnings 0.58 1.79 14.80 201,6 112
earnings-per-share-positive Earnings 0.25 1.28 9.74 95,99 46
earnings-positive Earnings 0.58 1.79 20.83 3,893 611
earnings-up Earnings 0.45 1.57 14.40 2,433 171
operating-earnings Earnings 0.61 1.85 5.13 170 32
revenue-above-expectations Earnings 0.52 1.68 17.16 33,2148
revenue-below-expectations Earnings 0.45 1.57 10.94 11,11 20
revenues Earnings 0.52 1.69 19.26 5,579 248
revenue-up Earnings 0.38 1.46 11.38 2,148 67
same-store-sales-down Earnings 0.53 1.70 8.29 454 113
same-store-sales-up Earnings 0.25 1.28 4.26 558 8
note-sale Financing 0.80 2.22 9.78 304 116
public-offering Financing 1.50 4.49 22.10 409 149
earnings-guidance Guidance 0.88 2.40 24.13 1,583 544
earnings-guidance-down Guidance 1.75 5.73 44.09 1,479 845
earnings-guidance-meet-expectations Guidance 0.24 1.28 4.36 441 19
earnings-per-share-guidance Guidance 0.50 1.65 19.85 583,8 176
revenue-guidance Guidance 0.43 1.54 17.12 3,704 136
revenue-guidance-down Guidance 0.66 1.93 13.19 804 214
revenue-guidance-up Guidance 0.29 1.34 8.26 1,341 36
executive-resignation Management Change 0.84 2.32 15,9989 7 240
merger Merger 0.79 2.20 7.14 170 64
layoffs Others 0.35 1.41 4.29 251 26
legal-issues-defendant Others 0.58 1.79 6.79 199 76
regulatory-investigation Others 0.77 2.17 7.12 132 69




A. Implications of the Informed Trading Framework

This section presents a structured summary the most immgtadictions arising from the theoretical
framework introduced in section 3. We describe how varntim the private information signals impact
expected returns to informed trading and subsequentlglatmthese into testable hypotheses.

(A) Predictions related to market frictions and pre evenmi-up in implied volatility:

1. Impact on trading parametersGiven market frictions, informed investors trade optionattare near
the money and avoid OTM and DOTM options, as these becomeéhitrebly expensive in terms of
their implied volatility. If an event is scheduled, the rup-in implied volatility ahead of the event adds
to the cost of establishing any option strategy with positigga and at the same time induces informed
investors to decrease the moneyness of their position.

2. Impact on expected returndlarket frictions diminish expected returns by several osaé magnitude.
Run-ups in implied volatility ahead of scheduled events tadthis dfect.

3. Variations in the impact of market frictions he impact of market frictions on insider trading is most
pronounced for options with a low theoretical value, fortamee options with low implied volatility
and short time to maturity.

4. Synthetic optionsSynthetic call options enable investors to substantiahuce the fects of market
frictions. An OTM synthetic call consists of a position irethnderlying asset and an ITM put. Given
that the theoretical value of any ITM option is high, relatbid-ask spreads are low. Synthetic calls then
enable the informed investor to obtain higher leveragedifigasynthetic options requires an investor to
partly finance his positions by borrowing at the risk freeratd is thus likely restricted to sophisticated

investors.

(B) Predictions related to the precision of the return sibfa,):

1. Impact on trading parameterddigher uncertainty about the announcement return will gghemake
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an investor more cautious and move closer ITM to ensure teabption is ITM following the an-
nouncement. However, thigfect is relatively small, as insiders do not trade DOTM otianyway,
especially when buying short term options. Overall, chanigehe uncertainty about the announcement
return have a limitedféect on the behavior of insiders. In most instances, evertauiie increases in
this uncertainty only demand relatively small adjustméatsading parameters.

2. Impact on expected returnglncertainty about the announcement return uncertaintyg sulthe volatil-
ity of the underlying and thus increases the expected ratfimtrading strategy with positive vega,

rather than decreasing?t.
(C) Predictions related to the expected announcementmgi)r

1. Impact on trading parametersin most instances, insiders will trade further OTM when @ptting
announcement returns of a higher magnitude. However, ltlifiste OTM trading is limited by market
frictions. The sign of the anticipated return determinegthibr investors trade a (synthetic) call option
(positive return), a put option (negative return), or adidia (sign of return unkown).

2. Impact on expected return&€enerally, the higher the magnitude of the expected anmwoent return,

the higher the expected returns to insider trading. Insidan achieve significant returns even for zero

(D) Predictions related to the precision of the timing sig@a:):

1. Impact on trading parametersAll else equal, higher event date uncertainty implies tinddrimed
investors will trade in longer maturity options to avoid glasing options that expire worthless.

2. Impact on expected returns:
All else equal, this need to trade in options with a longerurit increases the initial price to set up

any trading strategy with a negative option theta (all thrat@nsidered in this paper). This implies

28This efect is analogous to the increase in the Merton (1974) vallegjoity as a call option due to added noise in earnings
information, formalized by Johnson (2004).
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a reduction in the attainable leverage, and thus expectathseto insider trading. In fact, precision

in the timing signal enabling trading briefly ahead of thersis one of the most important drivers of

expected returns, especially for unscheduled events aifeadich there is no run-up in option prices

and bid-ask spread due to increased speculation.

For scheduled events, prices and bid ask spreads will iserahead of the event due to uninformed

speculation. This can substantially reduce attainablemst

(E) Predictions related to the expected timig)(

1. Impact on trading parametersthe longer the period between the time an insider tradeshaniihe of
the anticipated announcement, the longer the maturityebfitions an insider needs to trade to avoid
that they expire worthless.

2. Impact on expected returngill else equal, the need to trade in longer term options dsae expected

returns to insider trading, as in H4b.

The results of our numerical analysis show that the reldigtween the determinants of informed trading
(including the parameters defining the private signal, dsagepricing parameters such as the volatility of
the underlying) and the set of trading parameters chosemgdinsider is non-monotone and highly nonlinear.
A significant part of the implications of our framework camshnot be reduced to simple hypotheses. For
instance, the timing signal can heavilffext the insider’'s choice of moneyness, which is not capthyettie

above predictions.
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B. Jump classification

One of multiple criteria used in our definition of an EPM is firevalence of a jump as defined by Lee
and Mykland (2008). We compute the statistjcaf the ratio of the (continuous) stock price return to the

instantaneous volatility:

R
Li=— (5)

Ot

where volatility is the realized bipower variation:
1 t-1
a2

oy = K-2 Z |Rj| * |Rj—1| (6)

j=t—k+2

Assuming that the drift and fiusion codficients of the stochastic process describing the stock ddce
not vary a lot whemt (the increment) approaches zero, the authors derive thgnindistribution of the

maximums;

max, | £il — Cn
H

5 )
where¢ has a cumulative distribution functid?(¢ < X) = exp( exp(x)) and:
_ v2log() _ log(r) + log(log()) ®
" c 2c+/2Tog)
1
e yzog ¥
c= E (20)
T

n stands for the number of observations, is the time series indexes such as there is no jump between
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two consecutive time points.

While Lee and Mykland show that misclassification rates elese in data frequency it can also be applied
to daily date?® Following Lee and Mykland’s recommendation, we Ket 16 to compute the statistic
from daily returns.

As in their study, we use a significance level of 5%. The thosis hence equal te log(—10g(0.95)) ~
2.97 For each stock, we obtain a time seriegaflf |£;| exceeds B7 « S, + Cp, the return is classified as a

jump.

2For example, see Cremers et al. (2014).
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